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Abstract 
Guiding multiple UAVs equipped with state-of-the-art automation by just one pilot usually means a large number and variety of 
supervision and monitoring tasks, interrupted by time-critical re-planning and reconfiguration tasks as reaction to unexpected 
events. To support pilots, especially in critical workload situations, by a cognitive associate system requires the machine aware-
ness of the actual task the operator is working on, and the ability to detect critical workload situations to initiate assistant system 
interventions. This article describes an approach of building human operator behavior models to determine both, the current task 
of the operator, and derivations in task accomplishment, the latter observable by self-adapting strategies exposed during high 
workload conditions. Therefore, laboratory experiments were conducted utilizing a virtual flight simulator to stimulate pilot’s 
workload during the guidance of multiple UAVs and to record their manual and visual interactions. These interactions represent 
the input data to train task specific operator behavior models by applying the Hidden Markov theory. Using Hidden Markov 
based behavior models allows the inference of tasks and their derivations from observable operator interactions. In this article, 
we describe the experimental findings, the methods applied, and the modelling approach. 
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1. Introduction 
Prolonged high mental workload usually leads to undesirable decrements in human performance and therefore to 
decrements of the overall (human-) system performance. To avoid such performance decrements by an adaptable 
associate system requires the detection of high workload conditions of a human operator at an early stage, and a 
machine understanding of the current task situation. Based on this information an associate system is able to 
unburden the operator from excess task demands in an adaptive manner. Workload is a multi-dimensional 
© 2015 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
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psychological construct, which the human operator subjectively perceives. It is influenced by a variety of different 
known (e.g., task load, motivation, experience, day’s condition), but also unknown factors, which make the 
workload construct elusive and fuzzy [1]. Similarly vague is the differentiation between high and excess workload 
(i.e., overload). It is often referred to as a not otherwise differentiated high workload threshold region, in which 
human operators are faced with more task load than they are able to handle, while maintaining their own standard of 
performance [2]. This definition is far away from any quantification criteria, and therefore hard to grasp, especially 
from technical perspective. As overload or workload is perceived subjectively, it furthermore eludes a direct 
measurement. However, a number of methods were established, all of which trying to operationalize workload by 
different measures. In particular, performance and psychophysiological measures became widely accepted. Both 
classes of methods have their merits in their dedicated fields of application. However, with respect to an early, 
continuous, non-intrusive, context-rich machine detection of excess workload, these methods are insufficient. This is 
because performance decrements occur not until the human is already overloaded. However, in our approach we 
want to offer automation assistance before severe performance decrements become evident. Psycho-physiological 
measures may in fact indicate relative workload changes, but it is hard to build associate system interventions based 
on relative judgements. Continuously observable human behavior patterns, however, are an additional source of 
information, which is usually neglected in the considerations of workload assessment. Since it is evident from 
literature [3][4] that changes in behavior patterns reflect workload-related human states of mind, in this article we 
point out an approach to exploit this effect for overload detection in human-machine-systems. In the following 
section, we provide some conceptual thought on the relation of behavior and workload, before we present our 
experimental findings and our modelling approach. 
2. Behavior based approach 
Human operator behavior reflects the reactions of the operator to the current task load. Behavior, in our thinking, 
comprises the observable interactions of the human operator with the technical environment. These interactions are 
manual interactions (e.g., button presses, control stick movements), visual interactions (i.e., eye fixations of objects 
on the screens), and verbal interactions (i.e., voice communication). The observable behavior patterns usually reflect 
the current task- and goal-oriented activity of a human. We can find evidence for stereotype behaviors in highly 
skilled work situations (e.g., visual scan patterns in instrument flight). However, other cognitive aspects of human 
performance also influence behavior patterns, in a sense that similar task situations not always yield similar 
behavior. In this context, we further distinguish between human behavior and human performance. While human 
performance focuses on how well a certain task is accomplished, behavior describes the way the human 
accomplishes a certain task. In this sense, behavior might change, while the performance stays basically the same. In 
this article, we want to observe human behavior for two purposes, the determination of the task(s) a human operator 
is currently concerned with, and the detection of individual high workload of that operator. As already mentioned, 
we assume that each common task is correlated with certain behavioral patterns in order to accomplish this task. 
However, if there is no situational change or change of the human’s intention, behavior patterns might change 
nevertheless. This kind of behavioral changes is based on self-regulation mechanisms to adapt to the current task 
and workload demands. Here, self-adaptive strategies are applied by the operator to keep the workload within 
bearable limits [3] and to retard exceeding capacity limits, to maintain overall acceptable performance as long as 
possible [4][5]. By shedding or deferring tasks of lesser importance, or the relaxation of self-imposed criteria, these 
strategies lead to observable changes of human behavior patterns, prior to severe performance decrements. 
Basically, two kinds of strategies, applied in high workload situations, can be distinguished: 
 
x Load sharing strategy, i.e. the transfer of tasks to other team members or to automated system functions. 
x Load-shedding strategies, i.e. changing the way a task is accomplished. Tasks will be accomplished in a more 
economic, not necessarily perfect way. Primary objectives will be pursued at the expense of secondary objec-
tives. This leads to observable behavior adaptations such as task prioritization, disregard of subtasks, change in 
task accomplishment, or altered attention allocation [6]. 
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In the first case, the applicability of load-sharing depends on the availability of automation or other team mem-
bers. In the second case, load-shedding depends upon the flexibility (i.e., the degrees of freedom) the task itself 
provides. The selection of a strategy is furthermore dependent on the operator’s available work capacity. Since in-
creasing task load leads to a progressive change in the behavior of a human operator, we will use the observation of 
the behavior as an indicator for high workload.  
3. Experimental operator behavior acquisition 
For the investigation of human behavior and self-adaptive strategies as indicators for the pilots’ task-related ac-
tivity and high workload conditions, we performed extensive simulator trials and gathered the behavior of UAV 
operators during the mission management of multiple UAVs form a helicopter cockpit. Therefore, we exposed the 
test subjects to different workload situations. 
3.1. Experimental design 
For the experiments, we set up a Manned-Unmanned Teaming (MUM-T) scenario, in which the commander of 
a military helicopter was tasked with the mission management of multiple UAVs. These UAVs were used as remote 
sensor platforms for real-time reconnaissance during a simulated military air assault mission. The UAVs were 
guided along pre-planned routes (FMS-based), which could be adapted to the current situation by the commander at 
any time. The main tasks of the UAV-operator were the guidance of the UAVs as such, the analysis of sensor 
images, taken by the UAVs, and the classification of recognized objects. Therefore, the UAVs were equipped with a 
(simulated) thermal camera and a video data link, to provide the reconnaissance information to the pilot located in 
the helicopter cockpit. The total time of each individual experiment was approximately 95 minutes. To provoke the 
occurrence of self-adaptive strategies as a consequence of an increase of mental workload, the task load was 
systematically increased over the course of mission by the addition of an increasing number of embedded secondary 
tasks (i.e., mission re-planning, threat localization), as well as by the number of UAVs to be controlled by the UAV-
operator within two consecutive missions (i.e., one UAV and three UAVs). As object of our behavior study we used 
a specific embedded secondary task, i.e. the object identification task. This task will be described later in this article 
and referred to as indicator task. To capture the human behavior during task execution our simulator was equipped 
with faceLAB, a contact free, video-based eye movment measuring system. Furthermore, manual interactions of the 
UAV-operator (e.g., button presses), were recorded. As an independent reference for mental workload, NASA-TLX 
subjective workload ratings were filled out by the pilots in discrete intervals. In addition, the operator performance 
was operationalized by the use of the following parameters: the number of classified objects, the required time for 
the accomplishment of the object-identification task (i.e., indicator task), classification errors, system handling 
errors. The subjects were four military helicopter pilots, two of them average experienced (around 550 flight hours, 
150 hours as commander, around 30 yrs.) and the other two highly experienced (around 1700 flight hours, 1550 
hours as command, around 42 yrs.). The latter ones were experienced flight instructors. 
3.2. Investigated task 
The main objective of the UAV operations was reconnaissance, comprising the reconnaissance of the helicopter 
route (ingress and egress), the Helicopter Operation Area (HOA) including the landing sites, and a building located 
close to the landing sites. The focus of our behavior investigation, however, was on a particular, standalone task, i.e. 
the object identification task, which had to be performed many times through the course of a mission (approx. 25 
times). This indicator task we further subdivided into three subtasks:  
 
x “recognize and tag” comprises the phase between the recognition of the object in the sensor image and the tag-
ging of the object as relevant object in the map. 
x “classify” starts with pointing the camera of a UAV to the tagged object (“hotspot”) providing a live video-
stream, followed by the classification (i.e., civil or hostile) of the object. 
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x “insert result” is the entering of the classification result into an interactive interface to provide mission relevant 
tactical information to the system and the other crew member. 
 
We further broke down each of these subtasks into several sub-subtasks, which are characterized by the related 
observable manual and visual interactions of the operator with the technical system (Fig. 1). 
It becomes apparent that on a sub-subtask level besides the essential required sub-subtasks (solid boxes), many 
optional sub-subtasks are possible (dashed boxes), which reflect the individual variations in the accomplishment of 
the subtask. Fig. 1 shows a relevant excerpt of the task hierarchy, i.e. the subtask “recognize & tag”. 
4. Experimental findings 
4.1. Operator performance and subjective workload 
The overall performance of the operator was predominantly on a good level (see wrong classifications, Table 2), 
although we observed a first performance decrement, especially in the percentage of detected objects in the different 
mission phases (ingress, HOA, egress). However, the overall correctness of classification of attended objects re-
mained relatively stable. The subjective workload ratings (NASA-TLX) showed only a very slight increase, inde-
pendent of the guidance of one, or three UAVs for all operators (see NASA-TLX ratings, Table 1). In summary, we 
could observe that despite of the large increase of task load, there was no significant increase in subjective work-
load. The results of the NASA-TLX ratings hardly allow the diagnosis of an overload situation. For results that are 
more detailed we would like to refer to [7]. 
Table 1. Individual NASA-TLX ratings. 
NASA-TLX 3 UAVs 1 UAV 
Subj. 1 50 56 67 58 58 60 
Subj. 2 62 57 67 46 61 60 
Subj. 3 35 41 40 21 48 53 
Subj. 4 50 61 70 46 63 30 
 Ingress HOA Egress Ingress HOA Egress 
 
Table 2. Average classification of available objects and 
wrong classifications with respect to classified objects. 
Performance Recognized and 
classified objects 
Wrong 
classifications 
Ingress – 1UAV 75,8% 4,2% 
HOA – 1UAV 72,9% 0,0% 
Ingress – 3UAVs 55,3% 3,2% 
HOA – 3 UAVs 42,9% 0,0% 
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Fig. 1. Object identification task and subtasks, detailed up to level of actions for the subtask "recognize & tag." 
994   Diana Donath and Axel Schulte /  Procedia Manufacturing  3 ( 2015 )  990 – 997 
4.2. Self-adaptive strategies (SAS) 
Although we only noticed slight performance decrements in the task accomplishment, and the subjective 
workload ratings indicated only an average workload, the UAV operators exhibited various behavioral changes in 
form of load-shedding strategies. Thereby, the operators tried to keep their subjective workload within bearable 
limits. The observed behavior adaptations concerning the object identification task were: 
 
1. Proactive task reduction. The operators were tasked to use all available UAVs for the helicopter route 
reconnaissance, which requires a certain allocation of attention to the sensor images provided by all UAVs to 
search for potential threats. With entering the hostile area, one operator completely dropped the allocation of 
attention to two of three UAVs, to avoid upcoming capacity limits, which could have occurred otherwise. 
2. Less exact task performance. For the classification of the detected objects as friend or foe, the operators could 
point the sensor of a selected UAV to a detected object to obtain a live video stream. In order to get an 
unambiguous sensor image, a certain distance between the UAV and the object should not be exceeded. In our 
experiments, we observed that operators accepted a violation of this maximum distance through a delayed task 
performance, and thus were content with ambiguous sensor images. Thereby, they could avoid laborious re-
planning of the UAVs, which would have been necessary to get better sensor footage. 
3. Omission of subtasks. In demanding and time critical situations, such as the reconnaissance of landing sites 
within the HOA, we observed that the operators omitted some of the subtasks of the object identification task 
(e.g., “insert result”, and sometimes also the “classify” subtask). They attempted to avoid an upcoming overload 
situation, and thereby shifted the responsibility for ensuring threat clearance of the helicopter to the pilot-flying. 
This strategy can also be associated as load-sharing strategy. 
4. Complete neglect of object identification tasks during entire mission phases. In the egress mission phase the task 
load was further increased by the introduction of SAM (surface to air missile) sites at unknown positions. Hence, 
the avoidance of the threats temporarily became a primary task, until their positions were determined, including 
the re-planning of the UAVs and the helicopter routes. However, we observed that also in times, where no 
immediate threat was present, the subjects almost never resumed the indicator task of object identification. 
5. Purposeful delay of task accomplishment. This behavior occurred only related to the time critical reconnaissance 
of remote landing sites. Here, we observed that not reconnoitered objects, located close to an already 
reconnoitered landing site, were deferred in order to ensure the reconnaissance of the potential landing sites first. 
 
Some of these strategies occurred only once, however other strategies could be observed more frequently in 
different mission segments and from different subjects (cf. [7] for more details). 
5. Modelling method 
It appears that the changes in the operators’ behavior patterns are a meaningful indicator for critical workload 
conditions of the human, prior to severe performance decrements or excess resource demands. In order to enable 
cognitive associate systems to determine critical workload conditions by monitoring that behavior, the associate 
system needs appropriate models, which reflect at least the normative operator behavior patterns in task accom-
plishment. If the associate system detects operator behavior, deviating from that normative patterns, which might 
occur as an indication of self-adaptive strategies, a critical workload condition will be diagnosed, provided that there 
is no external situational change, or any change of human attention allocation [8]. 
5.1. Characteristics of human behavior patterns 
For the modelling of operator behavior patterns, we first analyzed the characteristics of human behavior. The aim 
was to find a method, which is best suited to cope and capture these characteristics. Our analysis provided the fol-
lowing characteristics: 
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x Observable: Human behavior can be observed by the interactions of the human with the technical system (e.g. 
manual, visual, verbal interactions). 
x Task specific: Each task or task combination implies specific patterns of interactions. 
x Individual. Individually differing skills, abilities, and training lead to individual differences in behavior patterns. 
x Dependent on the workload: Behavior patterns may change as a consequence of subjectively perceived workload 
(i.e., self-adaptive strategies). 
x Variable. Due to adaptations to the situation, the behavior patterns, reflected by the task-specific actions, may 
also vary to some extent (e.g., number of repeated actions). 
x Sequential: Looking at the individual interaction resources, (i.e., manual, visual, verbal), the observed behavior is 
sequential in nature (e.g., sequence of successive manual interactions, sequence of eye fixations on display ob-
jects). 
x Ambiguous: The correlation between a specific observed action (e.g., a certain button press) and the current task 
is not unambiguous. Thus, it is not possible to deduce the task the human is working on by only looking at single 
actions. 
 
The method to model task-related behavior patterns has to reflect these characteristics. The input parameter to the 
model will be observable actions, measured by use of methods like manual interaction recording, eye tracking, and 
voice recording. The situation induced variability of behavior patterns, the ambiguous relationship of discrete ac-
tions to related tasks, and the sequential nature of actions, which have to be represented in the model, requires a 
probabilistic sequential data model. One method, which satisfies these criteria, is the Hidden Markov model (HMM) 
approach. HMMs are able to handle data sets with different length, they are robust against noisy or ambiguous train-
ing data sets [9]. HMMs map sequential information and provide the ability to infer hidden states of the model (i.e., 
subtasks) based on observable symbol sequences (i.e., actions) [8]. HMMs are usually known from domains like 
speech recognition, they are used in the financial domain [10] for the prediction of trends, and they have been ap-
plied more and more in human behavior modelling recently [11][8][12]. 
5.2. Hidden Markov models 
HMMs represent a double stochastic processes. The first stochastic process refers to the dynamics of hidden 
states. This hidden-state process is not directly observable und usually follows the first-order Markov assumption, 
which means that a transition from the current state to the next state only depends on the current state. The second 
stochastic process refers to the observation-symbol process, which generates observable states (i.e., symbols) at each 
point in time ݐ. The probability of emissions (symbols) depends only on the current state. According to Rabiner [13], 
each HMM can be described by the number of hidden states ܰ individually denoted as ܵ ൌ ሼ ଵܵǡ ܵଶǡ ǥ ǡ ܵேሽ, ܯ the 
number of distinct observation symbols per state ܸ ൌ ሼ ଵܸǡ ଶܸǡ ǥ ǡ ெܸሽ, and three parameter matrices ߣ ൌ ሺߨǡ ܣǡ ܤሻ: 
The state transition probability distribution matrix ܣ ൌ ൛ܽ௜௝ൟ; ܽ௜௝ ൌ ܲൣݍ௧ାଵ ൌ ௝ܵȁݍ௧ ൌ ௜ܵ൧  ሺͳ ൑ ݅ǡ ݆ ൑ ܰሻ, which 
defines the transition probability from the hidden state ݅, to the hidden state ݆, the observation symbol probability 
distribution matrix ܤ ൌ ൛ ௝ܾሺ݇ሻൟ, ௝ܾሺ݇ሻ ൌ ܲൣݒ௞ܽݐݐȁݍ௧ ൌ ௝ܵ൧; ሺͳ ൑ ݆ ൑ ܰǡ ͳ ൑ ݇ ൑ ܯሻ, which defines the probabil-
ity of an observation symbol ݒ௞ being observed in a certain hidden state ݆ and the initial state distribution matrix 
ߨ ൌ ሼߨ௜ሽ; ߨ௜ ൌ ܲሾݍଵ ൌ ௜ܵሿ; ሺͳ ൑ ݅ ൑ ܰሻ, which defines the probability that the hidden state ݅ is the initial state [9]. 
Typical operations in the HMM theory are training, evaluation and decoding. In training, a given initial model ߣ଴ is 
learnt, reading real world data, by use of the Baum-Welch algorithm, which is a variant of the Expectation-
Maximation method. Thereby, the model parameter matrices ܣ, ܤ and ߨ will be adapted in such a way, that they 
match the statistical characteristics of a given observation-symbol sequence at its best. In evaluation, the conditional 
probability ܲሺܱȁߣሻ that a given observed symbol sequence is generated by a given HMM ߣ, is determined by using 
the forward/backward dynamic programming algorithm. Decoding refers the calculation of the most probable path 
of hidden states ݍכ, given a sequence of observation symbols. This is solved by the Viterbi algorithm. 
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5.3. Hidden Markov model of operator behavior pattern of the indicator task 
As a first approach, an HMM representing the behavior patterns of one individual test subject for the object iden-
tification task was generated. The HMM topology and the number of hidden states were chosen based on the task 
structure of the examined task. The subtasks represent the hidden states, as they are not directly observable. Given 
an observed sequence of manual interactions, at first the conditional probability ܲሺܱȁߣሻ will be calculated, which 
gives an indication, whether the sequence has been generated by this model. If this probability is sufficiently high, it 
can be assumed, that the observed behavior pattern corresponds to the behavior modeled by the HMM, and hence 
that the operator was concerned with this task (evaluation). Especially in cases, in which more than one task model 
is available, this criterion is used to determine, which one is most likely producing the observed symbol sequence. 
The sequence of observed interactions also allows the calculation of the most probable sequence of hidden states 
(decoding). Through comparison with the regular subtask sequence, the detection of deviations (e.g., omitted or 
postponed subtasks) in the accomplishment of this task is possible. As these deviations may be the result of SAS, a 
high workload situation of the operator can thereby be inferred. For the training of the model, the experimentally 
gathered individual manual operator interactions with the system, during the selected object identification task were 
extracted from the entire behavior recording of our experiments (31 trainings sequences, 5 evaluation sequences not 
used for training). However, this is only a very small training set, which hardly allows a good estimation of the 
model parameters, because of intra-individual variations in the behavior. Therefore, the dimensions of the model had 
to be reduced. This was done by a reduction of the variety of observation symbols, e.g. the number of distinguished 
symbols for the description of the continuous manual tasks (e.g., map movement, zooming), which were combined 
to a single symbolic action (i.e., MOVE/ZOOM MAP). Interactions with parameters (e.g., SET-SAM, SET-JEEP, 
SET-CIVIL) were reduced to one type of interaction (i.e., CLASSIFICATION). As the Expectation-Maximation 
training algorithm is very sensitive to initial values, three different initial parameter sets were tried out, i.e. random-
ized initialization, initialization with uniform values, and a frequency-based initialization. The latter one is based on 
a frequency analysis of typical state transitions and observed actions of the indicator task. 
5.4. Results 
Fig. 2 shows an example result of the decoding test with the trained HMM for the object classification task. The 
left column represents a trained operator, who only used a minimum of interactions to solve the task (top left). The 
sequence of subtasks (i.e., hidden states) could be correctly decoded (Fig. 2, bottom left). The right column shows 
data of a less experienced test subject, who needed more interactions during task accomplishment (Fig. 2, top right). 
However, the model was still able to decode the correct subtasks. In total, best results were achieved with the 
model initialized with frequency-based values. As behavior is individually different, the training of the HMM was 
carried out with behavioral data sets of one subject. The analysis reveals that the subtask recognition is also possible 
for evaluation or observation sequences generated by other test subjects, although the individual behavior of the 
other subjects differs to some degree. This shows a certain generalization capability of the model. Table 3 lists the 
 
Fig. 2. Decoding example with the trained model (frequency based initial parameters). 
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percentage of correct detections of the normative hidden state sequence of the indicator task for different evaluation 
symbol sequences for the different initial parameter sets. The reduced performance with random and uniform initial 
parameter sets leads to a wrong delimitation of the subtasks. The variation in performance values for the uniform 
initialization, but also for the random initialization can be attributed to the different length of the symbol sequences. 
Table 3. Detection rate for the hidden state sequence of the indicator task using different initial parameter sets. 
Evaluation data sets Correct detection of the normative hidden state sequence of the indicator task 
frequency based uniform random 
Evaluation symbol sequence 2 100% 26,3% 89,4% 
Evaluation symbol sequence 7 100% 31,2% 75,0% 
Evaluation symbol sequence 15 100% 33,3% 80,0% 
Evaluation symbol sequence 26 100% 37,5% 81,2% 
Evaluation symbol sequence 28 100% 35,7% 85,7% 
6. Conclusion 
We investigate an approach to the behavior-based detection of high workload conditions in the multi-UAV arena. 
In simulator experiments, we observed several self-adaptive strategies (SAS) as a reaction of the test subjects to 
increasing task load. Under high task load, and therefore expectedly higher subjective workload the test subjects 
exhibited changed, but still to some extent stereotype interaction patterns in a certain indicator task, which we 
measured and documented. In a next step, we applied the Hidden Markov Theory to train a model for the 
recognition of certain subtasks within the chosen indicator task. We showed that the resulting model is able to 
recognize the sub-tasks of the indicator task out of sequences of observable interactions. However, in our first 
approach we only used manual interactions for modelling, although visual interactions (i.e., eye fixations) seem 
more appropriate for supervisory control tasks in highly automated systems, as our analysis of SAS shows. Current 
works are aiming at the improvement of our semantic gaze tracking accuracy and coverage. Since dwell time plays 
an increased role in visual interactions, we also plan to extend our modelling approach towards e.g. hidden semi-
Markov models. 
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